Abstract Inflammatory breast cancer (IBC) is a unique clinical entity characterized by rapid onset of erythema and swelling of the breast often without an obvious breast mass. Many studies have examined and compared gene expression between IBC and non-IBC (nIBC), repeatedly finding clusters associated with receptor subtype, but no consistent gene signature associated with IBC has been validated. Here we compared microdissected IBC tumor cells to microdissected nIBC tumor cells matched based on estrogen and HER-2/neu receptor status. Gene expression analysis and comparative genomic hybridization were performed.
Introduction
Inflammatory breast cancer (IBC) is a clinically defined variant of breast cancer characterized by its rapid onset and swollen, erythematous, and edematous presentation of the breast. Pathologically, IBC is associated with tumor emboli in the dermal lymphatics, and diffuse tumor infiltrate through tissue making it more difficult to image and more difficult to obtain purely tumor cells for genetic assessment. Although several studies have attempted to characterize an IBC gene signature, thus far none has been identified robustly [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . One potential limitation of the published gene array studies in IBC is the inclusion of tissue samples likely to contain both tumor and stroma. Indeed, the only prior study of microdissected IBC samples found significant gene differences in the stroma rather than the tumor cells themselves [11] . Herein, we described a gene array and comparative genomic hybridization based comparison of IBC and non-inflammatory breast cancer (nIBC) tumor cells based on microdissection to exclude tumor stroma and environmental contributions. The genome copy number and mRNA expression signature of IBC, nIBC, and non-cancerous breast tissue (normal) were analyzed, and the gene profile and copy number characteristics of IBC were investigated.
Materials and methods
Twenty IBC frozen tissue samples from core biopsies were obtained from The University of Texas MD Anderson Cancer Center, Houston, TX under IRB-approved protocol. Twenty nIBC and five normal breast frozen tissues from surgical specimens were obtained from St. Luke's International Hospital Tokyo, Japan under IRB-approved protocol. Inflammatory, T4D stage was assigned when the pathologic diagnosis of breast cancer was based on the consensus criteria formalized in the international consensus statement by Dawood et al. [12] . Specifically, the inflammatory T4d diagnosis was made in patients with clinical symptoms of breast erythema, edema and/or peau d'orange, and/or warm breast, with or without an underlying palpable mass present over at least one-third of the breast for less than 6 months. Clinical symptoms in the setting of a neglected primary were not considered IBC. Pathologic evidence of tumor emboli in the dermis was not required for diagnosis. Samples were selected from a prospective tissue registry based on availability of high quality material for the study. In total, 32 core biopsies were analyzed and 20 paired samples with high quality RNA and DNA examined. The nIBC samples were matched according to the marker status of IBC on HER2/neu (HER2) amplification and estrogen receptor (ER) status. Samples with low DCIS component were selected to avoid DCIS influence. Marker status and DCIS component for each case are listed in Supplemental Table 1 .
Genomic DNA and RNA sample preparation Cancer cells of tumor specimen and epithelium of normal breast specimen were collected for genomic DNA and RNA extraction. For tumor samples, 5-20 frozen sections of biopsy (16 lm thick) were manually microdissected. Under the guidance of a pathologist, normal tissue was removed leaving [90 % tumor cells. For normal breast samples, 40-60 frozen sections of surgical specimen (16 lm thick) were subjected to microdissection manually. Genomic DNA was extracted using the Quick Gene SP-kit DNA tissue (Fujifilm; Tokyo, Japan), and quality was characterized with Agarose gel electrophoresis. Human Female Genomic DNA (Novagen; Madison, WI, USA) was used for normal reference DNA. Total RNA was extracted using the RNeasy micro kit (Qiagen; Valencia, CA, USA), and quality was characterized with BioAnalyzer (Agilent Technologies; Waldbronn, Germany).
Preparation of whole genome DNA microarray Whole genome DNA microarray was created with complete coverage of the human genome using 12,310 individually amplified bacterial artificial chromosomes (BAC) clones. All BAC clones were cultured from a single colony and validated by PCR amplification using clone-specific primers that were designed in-house. Extracted BAC DNAs were BstYI restricted and amplified by ligationmediated PCR. The products were printed on glass slides with an inkjet-type spotter.
Analysis of genome copy number: array CGH analysis Alu I and Rsa I-restricted genomic DNAs were labeled by random priming with Alexa555-dCTP (test DNA) and Alexa647-dCTP (reference DNA) using the BioPrime Plus ArrayCGH Indirect Genomic Labeling System (Invitrogen). Labeled test and reference DNAs were ethanol precipitated in the presence of Cot-1 DNA, redissolved in a hybridization mix, and denatured at 70°C for 10 min. After incubation at 42°C for 5 min, the mixture was applied to Whole Genome DNA Microarray (LinkGenomics) covered with an MAUI Mixer hybridization chamber (Biomicro systems). After incubation at 42°C for 48 h, slides were washed with 29 SSC/0.1 % SDS buffer and 0.19 SSC/0.1 % SDS buffer several times. After rinsing with 0.019 SSC buffer and airdrying, slides were scanned with a Microarray Scanner (Agilent Technologies), and analyzed with Gene-Pix Pro 4.0 imaging software (Axon Instruments; Union City, CA, USA). Normalization was performed using global-normalization methods and fold changes of genome copy number compared with normal tissue were calculated. Thresholds for gains and losses were set to 1.2 and 0.8, respectively. Analysis of mRNA expression: microarray analysis RNA samples were labeled using the Low Input Quick Amp Labeling kit (Agilent Technologies). Labeled cRNA was hybridized to an oligo-nucleotide microarray (Whole Human Genome 4 9 44 K, Agilent Technologies) at 65°C for 17 h. After washing with the Gene Expression Wash Buffer kit (Agilent Technologies) and drying, the slides were scanned with an Agilent Microarray Scanner, and analyzed with the Feature Extraction software version 9.5.1 (Agilent Technologies). Normalization was performed using global-normalization methods.
Analysis and statistics
Data from microarray and CGH have been deposited in the public GEO database ID number GSE45584. The Thousand probes having the greatest SD were chosen for unsupervised hierarchical clustering analysis of all samples (20 IBC, 20 non-IBC, and five normal). Genes differentially expressed between non-IBC and IBC were determined based on t test (non-paired) p values \0.001 and fold change C2 and gene ontology functional analysis was performed for differentially expressed genes. Genome copy number profiles were determined using a ratio of green to red (G/R) signal of [1.2 and \0.8 to identify regions of gain or loss, respectively. Comparison was made between nIBC and IBC samples using Fisher's exact test (p \ 0.01 considered differentially expressed). Correlation of genome copy number and mRNA expression value was computed (Pearson's correlation coefficient), and genes with significant correlation (r ] 0.6) selected.
The overall study design of mRNA analysis for identification of IBC samples is presented in Fig. 1 . To identify a gene set that was selected for IBC, a learning set and validation approach was used. In the learning set, genes were filtered by an expression fold change [2 with a t test (unpaired) p value \0.05 (N = 779). Then, a threshold for
Assessment of IBC by mRNA expression
Confirmed on the validation set 8 IBC, 8 nIBC Confirmed on the public data Gene set selection in the Learning set 12 IBC, 12 nIBC 132 genes were selected as the gene set for assessment of IBC -100 genes were expressed at higher levels in IBC -32 genes were expressed at lower levels in IBC
filter1
-expression fold change 2 -T-test(unpaird) p-value <0.05 filter2 lower false-negative/false-positive rates : False-positive/negative are detected in two or less 12 out of 16 samples (75%) were judged correctly. The positive and negative predictive values were both 75% and the false negative and positive rates were both 25%.
Distribution of IBC and nIBC overlapped and could not be distinguished clearly. The negative predicted value (NPV) was high. were selected as the gene set for assessment of IBC. Afterward, we confirmed on the validation set consisting of 16 samples (eight IBC and eight non-IBC), and public data each gene was determined (Supplemental data file 1), which provided the minimum number of the sum of false positive and false negative genes leaving a gene set of 132 genes differentially expressed in IBC. This gene set was then confirmed in the validation set, in public data, and in a multi-institutional consortium data set. Within each sample in the learning set, each gene was scored positive or negative for IBC likeness where it was considered positive for IBC if the expression level was higher than the threshold for that gene. The IBC score of each sample was then defined as the percentage of genes for that sample that was positive for IBC: (the number of positive genes divided by the total number of genes in the set) 9 100. Therefore, IBC score defines an index of IBC-likeness (Supplemental data file 1). The learning set validation approach was performed using the IBC likeness score as well. Inflammatory breast cancer diagnostic criteria were set to 43 % to separate the two groups. The same approach was then used to evaluate IBC-likeness in the validation set, the multi-institution data, and the publicly available data.
The overall study design for CGH analysis for identification of IBC samples is presented in Fig. 2 . For analyzing the genomic data, a learning set and validation approach was used. Differentially expressed BACs were based on Fisher's exact test, p \ 0.01. Fifty-five BACs that were differentially gained or lost in IBC were selected and confirmed in the validation set. As in the array analysis, an IBC likeness score using the CGH data was determined in the learning set and examined in the validation set. The number of differentially expressed BACs in IBC that were present in each sample in the learning set was divided by the total number of BACs as above to determine IBC likeness. Based on the discrimination of the learning set, the IBC threshold was set at 51.8 % and examined in the validation set.
Results

Comparison of expression profiles in the total dataset
Unsupervised hierarchical clustering analysis of all samples (IBC 20, nIBC 20, Normal five) was performed with the 1,000 most informative (highest SD) RNA probes. 12 Three clusters were formed. Cluster A was predominantly ER positive cases (89 %, 17 out of 19), cluster B was predominantly ER negative cases (63 %, 12 out of 19), and cluster C included all of the normal cases (71 %, five out of seven). Inflammatory breast cancer represented 37, 63, and 14 % of cluster A, B, and C, respectively. This analysis was repeated without the normal samples revealing similar results (Supplemental data file 1). The genes with a fold change C2 and p B 0.001 on non-paired t test were considered differentially expressed between IBC and nIBC. One hundred and thirty one genes showed significant differential expression between IBC and nIBC ( Fig. 3 ; Supplemental Table 2 ). Gene ontology analysis was performed with differentially expressed genes and revealed that the functions of gas transport, cell adhesion, and angiogenesis are activated in IBC, and response to hormone stimulus is inactivated in IBC (Table 1) .
BACs selection in the Learning set
Assessment of IBC by Genome copy number
Genomic analysis in the total data set Across all samples, gain of 1q and 8q, and loss of 8p occurred in high frequencies in both IBC and nIBC (Figs. 4, 5) . The aberrations in these regions are well known for breast cancer. Loss of 16q occurred in higher frequencies in nIBC compared to that of IBC. Sixty-four BACs were identified with difference in the frequency of genome copy number aberration between IBC and nIBC (Supplemental Table 3 ). Six regions (1p34, 1p12, 2p25, 2p21, 6p22-6p21, 9q34) had gains more frequently in IBC, and five regions (14q11, 14q22-14q23, 16p13-16p11, 20q13, 22q11) had gains more frequently in nIBC. Eight regions (5q13, 8p23, 8p21, 9p12, 16q12-16q13, 16q22, 17p13-17p11, 17q21) had losses more frequently in nIBC. There were no regions in which loss frequency was higher in IBC. Examining the concordance between genome copy number and gene expression data revealed 15 genes that were significantly correlated between genome copy number and mRNA expression. These were located in 6p21-22 and 20q13 and were considered candidate IBC specific genes ( Table 2 ).
Assessment of IBC by mRNA expression
To evaluate whether mRNA expression could be used to distinguish IBC and nIBC, 24 samples (IBC 12, nIBC 12) were used as ''learning set'' and the remaining 16 samples were used as validation set. Seven hundred and seventy nine genes with C2-fold difference and p \ 0.05 were selected. As described in the methods and Supplemental data file 1, a threshold was applied to lower the false negative and false positive rates leaving 132 genes in the gene set for IBC assessment. One hundred genes were up in IBC and 32 were down in IBC. Hierarchical clustering analysis of the learning set was performed with 132 genes revealing two clusters were formed that distinguish IBC from nIBC (Supplemental data file 1). ER? cases were equally distributed between the two clusters (75 %). All cases in cluster B were IBC cases and all cases in cluster A were nIBC. Subsequently, unsupervised hierarchical clustering analysis of the validation set was performed with selected genes (Fig. 6a) . Two clusters were formed. ER? cases were equally distributed between clusters, and Cluster B contained 75 % of IBC cases. Inflammatory breast cancer assessment was performed using the IBC score described in the methods (Fig. 6b ) identified in the learning set and tested in the validation set. As expected, all samples for the learning set were correctly classified. In the validation set, two IBC samples were judged to be nIBC with scores of 23.5 and 29.5, respectively. Two nIBC samples were judged to be IBC with scores of 56.8 and 60.6, respectively. Thus in the validation set, 12 out of 16 samples (75 %) were judged correctly. The positive and negative predictive values were both 75 % and the false negative and positive rates were both 25 %. The IBC assessment was further evaluated using the integrated data from three institutions [2, 5, 7] . Analytic data of 389 pretreatment breast tumor samples (IBC 137, nIBC 252) on Affymetrix platform (about 7,000 genes at the time of integration) were available. Data have been made available at arrayexpress ID numbers E-MTAB-1547, E-MTAB-1006, and in Geo ID number GSE22597. All samples were invasive adenocarcinomas. Patients with IBC were selected by strictly adhering to the consensus diagnostic criteria published by Dawood et al. [12] . Inflammatory breast cancer cases included non-metastatic and metastatic cases. Non-IBC cases included both early stage disease (two institutions) and advanced stage disease (one institution. No microdissection had been performed on these samples. Clustering analysis was conducted using 44 genes which were in common with the 132 differential genes described earlier (Table 3 ; Fig. 7) . No cluster was enriched for IBC samples. We then assessed the prediction of IBC status using these 44 genes (Fig. 8) . Distribution of IBC and nIBC overlapped and could not be distinguished clearly. The negative predictive value (NPV) was 79 % for all samples, 81 % in Marseille samples, 74 % in MDA samples, and 82 % in Antwerp samples. The validity of the IBC assessment method, which we considered, was further examined using two public data sets [11, 13] . Distribution of IBC and nIBC overlapped and could not be distinguished clearly (Fig. 9) . However, NPV was again very high (100 %) suggesting this gene set might be useful to exclude IBC in samples that were not microdissected. We next sought to determine whether it would be possible to distinguish IBC and nIBC using genome copy number aberration. Twenty-four samples (IBC 12, nIBC 12) comprised the ''learning set'' and 16 samples comprised the ''validation set''. Fifty-five BACs were identified in the learning set (p \ 0.01, Supplemental Table 4 ). In the learning set, IBC-likeness was computed in each sample as the number of IBC differentiated BACs divided by the total number of BACs, and this IBC score approach was evaluated (Fig. 10) . Two IBC samples were judged to be nIBC,
: gain (G/R>1.2),
: loss (G/R<0.8) Fig. 4 Overview of genome copy number profiles in all samples. both with scores of 45.5. These were not the same cases misjudged by the mRNA assessment. Two nIBC samples were judged to be IBC with scores of 85.5 and 63.6. These also were not the same cases identified using the mRNA approach. Therefore, in the learning set, 20 out of 24 samples (83 %) were judged correctly. The positive and negative predictive value was 83 %. Inflammatory breast cancer diagnostic score threshold was set to 51.8. Inflammatory breast cancer assessment in the validation set using the IBC score calculated as described above based on the 55 BACs identified in the learning set was performed (Fig. 10) . A score of 51.8 or higher was judged as IBC. One IBC sample was judged to be nIBC with a score of 30.9. negative predictive values were 58 and 75 %, respectively. The false negative and false positive rates were 12.5 and 62.5 %, respectively.
Conclusion
Here we provide a gene expression assessment of receptor status-matched microdissected IBC, and the first comparative genomic analysis of microdissected IBC. Consistent with prior reports [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] , no IBC specific signature was clearly established. Nevertheless, correlation of mRNA upregulation and increased genome copy number revealed 15 genes that are correlated between these approaches clustered largely at 6p21. An IBC specific gene set was identified in microdissected samples that may identify biology specific to tumor cells and may further be useful to exclude the diagnosis of IBC. Still, the diagnosis of IBC remains a clinical diagnosis even after microdissected analysis, perhaps suggesting that the role of the host and microenvironment is critical to this molecular phenotype. While the rarity of IBC limits the prospects for large analyses of patient samples, many studies have examined gene expression signatures from IBC patients in an effort to identify a molecular determinant of this clinically variable disease [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . Several issues independent of the technical considerations inherent in array based studies make the development of such an IBC discriminator challenging. The diffuse nature of IBC, often presenting without a dominant mass, makes it likely that differences in the ratio of tumor and non-tumor cells will exist in IBC versus nIBC biopsy specimens when laser capture microdissection is not performed. In addition, it remains unclear whether the ideal comparison represents unselected nIBC patients, or stage-matched T4a-c nIBC patients. Lastly, the dominance of the basal subtype in the IBC cohort further confounds these analyses.
Bieche et al. MIP1A, and CCL5/RANTES), and growth factor receptors (TBXA2R, TNFRSF10A/TRAILR1, and ROBO2). Iwamoto et al. compared gene expression analysis from 25 T4d IBC patients to 57 stage-and subtype-matched nIBC T4a-c patients [5] . Unlike the prior reports, comparing expression data from all IBC with all nIBC revealed no significant differences after adjusting for multiple testing. Further, none of the previously described IBC gene signatures effectively discriminated these samples into IBC and nIBC, potentially highlighting the inherent limitations of signatures based on small numbers as well as the heterogeneity in IBC samples as defined clinically. This was not the only study that did not find a clear signature in unsupervised analysis. Nguyen et al. compared 14 IBC samples where IBC was clinically defined as rapid-onset cancer associated with erythema and skin changes, to 20 nIBC patients with stage III breast cancers, using the Affymetrix HG-U133A microarrays. Similar to the study by Iwamoto, they found no significant differences at the individual gene level but observed some differences at the gene set level [6] . Gene expression analyses indicated that IBC had higher expression of genes associated with increased metabolic rate, lipid signaling, and cell turnover relative to nIBC tumors. In the aggregate, while all studies identify discernible differences in gene expression in IBC compared to non-IBC, these studies all failed to define an IBC-specific gene signature that can be validated across other samples. A recent collaborative study combining data from three institutions has been completed, and is being analyzed. Interestingly, the only other study to examine microdissected IBC reports differences in the stromal component of IBC rather than the tumor cells themselves [11] .
Although the limitations of this study include the relatively small sample size and difference in origin of the IBC and nIBC samples that may impact the findings, these data in the context of the existing literature suggest that the IBC phenotype is not distinguishable by gene expression differences. Initial investigation of DNA hypermethylation has similarly failed to reveal a predictive signature in spite of individual differences in specific promoters [14] , and while additional studies including next generation sequencing may reveal yet unappreciated genomic drivers, these data imply that differences in tumor cells may not be the distinguishing feature of IBC.
